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Deep learning approaches are widely employed for forecasting short-term travel demand to respond to real-time demand.
Although it is critical for demand forecasting to be evenly distributed in the spatial and temporal views to support real-time
mobility service operations, in related studies, the predictive performance of models has been evaluated only in terms of ag-
gregated errors. .erefore, the present study was conducted to investigate the distribution of errors to explore spatiotemporal
correlations. Six deep learning models with the same architecture, except for the base module, consisting of three stacked layers,
were constructed. .ese models were used to forecast demands for a station-based bike-sharing service in Seoul, South Korea. To
attain our goals, global and local Moran’s I of the errors was introduced to evaluate the spatial and temporal performances of the
deep learning approaches. .e results showed that the model with convolutional long short-term memory layers, which are
effective at predicting spatiotemporal data, outperformed the other models in terms of aggregated performance. However, the
global Moran’s I of the errors in the model reflects spatial dependency over the regions. .is suggests that the best predictive
performance of the model does not necessarily imply that it performs well in demand forecasting in all regions. Furthermore,
cluster and outlier analyses of the errors indicated that excessive or insufficient predictions were clustered or dispersed throughout
the regions..ese results can be used to enhance themodel by introducing the spatial correlation index into the loss function or by
incorporating additional features for handling spatial correlations.

1. Introduction

Mobility services are evolving from static and prescheduled
services to flexible and real-time demand-responsive ser-
vices. Emerging mobility services attempt to respond to real-
time demand by adjusting the route, time schedule, rate, and
capacity in real time. In other words, to satisfy real-time
demand, the supply of a mobility service should be dy-
namically replanned based on short-term demand fore-
casting, which requires ultra-high-resolution temporal and
spatial outputs with high accuracy. In this context, deep
learning approaches are widely employed for forecasting
short-term travel demand.

Specifically, various deep learning approaches have been
proposed to handle the features of travel demand: temporal,

spatial, and exogenous dependencies [1]. Because travel
demand depends on individual activities, the daily routines
of commuters shape traffic flow patterns. .erefore, tem-
poral dependency is considered in demand prediction to
cope with time-series patterns. Furthermore, spatial de-
pendencies can be reasonably handled, given that the dis-
tance between two regions is related to the spatial similarity
between regions. Moreover, exogenous features, such as
weather and events, must be considered as they may have a
significant impact on travel demand.

.e recurrent neural network (RNN) structure provides
a deep learning approach specialized in processing se-
quential data. RNNs can handle temporal dependencies
because of their recursive structures, which allow past and
present inputs to impact current outputs simultaneously.
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Long short-term memory (LSTM) is a well-known type of
RNN, which introduces various gate and cell states to control
the effect of past information on current outputs. Xu et al. [2]
used an LSTM approach to forecast free-floating bike-
sharing production and attraction for various time intervals.
Xu et al. [3] developed a stochastic deep learning model
based on LSTM to predict the probability distribution of
real-time taxi demand in all areas, instead of demand vol-
umes. .ey observed that the predictive performance varied
over the combinations of input features and concluded that
the impact of explanatory variables, except pick-ups, was
minimal. Vanichrujee et al. [4] suggested an ensemble model
for taxi demand prediction and examined the performance
of the model based on land use. .ey observed that a single
model could not ensure the best performance in all areas.
.e convolutional neural network (CNN) considers the
locality of a spatial dataset by introducing sliding con-
volutional filters. Zhang et al. [5] developed a real-time
crowd flow forecasting system called Urban Flow, which is
based on DeepST and uses convolution layers to predict
various travel demands. Zhang et al. [1] enriched the DeepST
model by employing a residual neural network structure [6],
which is highly effective in image classification. .en, they
evaluated the model by applying it to two different datasets:
taxi GPS data in Beijing and the bike-sharing system in New
York. Lin et al. [7] proposed a graph convolutional neural
network approach to forecast station-based bike-sharing
demand and compared a data-driven graph filter with the
demand correlation matrix. To forecast taxi demand, Yao
et al. [8] developed a DMVST-Net framework comprising an
LSTM, a CNN, and structural embedding. .ey determined
the relative increase in the error between weekends and
weekdays to assess the performance on different days.
Convolutional LSTM (Conv-LSTM) [9] is a deep learning
approach that introduces a convolution structure into LSTM
to cope with spatial and temporal correlations simulta-
neously. Ke et al. [10] proposed a fusion convolutional
LSTM to handle spatiotemporal data and time-series data
simultaneously to predict passenger demand for on-demand
ride services. .ey also proposed spatial aggregated random
forest algorithms for feature selection to reduce the training
time with minimal performance loss. Guo et al. [11] de-
veloped a residual spatiotemporal architecture comprising a
full CNN and extended Conv-LSTM to capture three types
of dependencies simultaneously for forecasting travel de-
mand through a simple procedure. .ey then applied the
proposed model to taxi data in New York and travel data in
Hai Kou, China, to prove the effectiveness of their model
compared with various benchmark algorithms.

Meanwhile, some studies applied domain knowledge to
the deep learning model for elaborating the deep learning
model. Zhu et al. [12] developed a deep learning model
based on the velocity thermogram method, which com-
pares the velocity of the vehicles under the traffic accident
with the historical average speed to determine the impact
range of the accident. .e suggested model predicts re-
sidual incident duration instead of total incident duration
to implement real-time traffic incident management. In-
spired by traffic flow theory, Liu et al. [13] proposed

DeepTSP to predict speed in spatiotemporal cells. .ey
employed features based on domain knowledge to repre-
sent spatial and temporal characteristics in traffic flow.
.ey conducted experiments in Berlin, Istanbul, and
Moscow datasets to demonstrate that their model can
forecast large scale traffic states effectively.

Although the aforementioned approaches contribute to
improving the overall accuracy of demand forecasting, they
have not been evaluated thoroughly in terms of their ability
to handle temporal, spatial, and exogenous dependencies.
Given that the mobility service is the objective of demand
forecasting, the service must be evenly distributed from the
perspective of users. In terms of operating mobility services,
errors represent the difference between demand and supply,
with predictive values being used to determine the supply.
Considering that an imbalance between supply and demand
can reduce the efficiency of the mobility service, uneven
distribution of errors can lead to inefficiency under certain
conditions due to excessive or insufficient supply. In other
words, relatively large errors in specific regions can indicate
inequity in mobility services, which is an important factor
affecting the efficiency of operating mobility services.
.erefore, the spatial distribution of demand should be
considered when developing a demand prediction model.

Accordingly, this study was conducted to evaluate the
performance of various deep learning architectures with
respect to omitting temporal, spatial, and exogenous cor-
relations in the context of travel demand forecasting. To
achieve our goals, we constructed several deep-learning
structures for demand forecasting for a station-based bike-
sharing service in Seoul, South Korea. We employed global
and local Moran’s I to evaluate the spatial and temporal
distribution of the errors of the deep learning architecture.
.ese indicators are advantageous in that they provide a
statistical evaluation of parameters. In addition, the varia-
tion in the global Moran’s I with time and over days of the
week was to explore the temporal correlations. To the best of
our knowledge, the present study is the first to suggest a
statistically testable index for measuring spatial dependen-
cies in a deep learning approach..e remaining of this paper
is organized as follows. Section 2 presents the preliminaries,
including the variable definitions and problem formulation.
Section 3 describes the deep learning model. Section 4
describes the experimental setup, and Section 5 compares
the different deep learning models, focusing on spatial and
temporal dependencies. Finally, Section 6 concludes the
paper.

2. Preliminaries

2.1. Variable Definition. In this section, the mathematical
notations and problem formulation for predicting the bike-
sharing demand at each docking station are provided. Dl

t is
the intensity of demand at the tth time interval at station l; it
is defined as the rent volume within 1 hour and can be
expressed as follows:

D
l
t � y(i,j) ∈ Y : i ∈ Tt∧j ∈ Ll 



, (1)
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where | · | represents the cardinality of the set, y(i,j) repre-
sents one historical data point of renting a bike at time i and
location j, which belongs to all rent datasets Y , and Tt and Ll

denote the tth time interval and the lth station location for
time and area of interest T and L, respectively. A vector for
additional explanatory variables is introduced to support the
demand forecasting, which comprises the following
elements.

2.1.1. Time-of-Day and Day-of-Week. Time-of-day and
day-of-week were extracted from the bike-sharing rental
time to explain the variation in demand patterns over time.
.e dummy variable ht indicates the state of time-of-day
(i.e., whether sleep hours or not) and is expressed as follows:

ht �
1, if t belongs to sleep hours,

0, if t does not belongs to sleep hours,
 (2)

where t represents the date on which the bike was rented. In
addition, a dummy variable wt is introduced to distinguish
between the travel demand patterns on weekdays and
weekends:

wt �
1, if t belongs to weekdays,

0, if t belongs to weekends.
 (3)

2.1.2. Station Numbers and Locations. .e station number
variable was used to identify specific bike stations. .is
variable is one-hot-encoded to transform categorical vari-
ables into dummy variables. sn, nth component of station
numbers vector of SN, is specified as follows:

sn �
1, if station n is the target of analysis,

0, if station n is not the target of analysis.
 (4)

Meanwhile, the station location vector SL, which com-
prises the x and y coordinates of the bike stations, is in-
troduced to handle spatial correlations.

2.1.3. Weather. Five weather features were considered:
weather state, temperature, humidity, wind speed, and
precipitation. .e weather state ast vector contains four
elements, which are encoded as follows:

as
l
t �

(0, 0, 0, 1), if weather is snow at time t, station location l,

(0, 0, 1, 0), if weather is sleet at time t, station location l,

(0, 1, 0, 0), if weather is rain at time t, station location l,

(1, 0, 0, 0), otherwise at time interval t, station location l.

⎧⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

(5)

.e observations regarding temperature atl
t, humidity

ahl
t, wind speed awl

t, precipitation apl
t at time t, and location

l were used because they are continuous variables. Before the
experiments, the continuous variables were processed via
min–max normalization, which converts variables into
values between 0 and 1.

2.2. Problem Formulation. Based on historical bike-sharing
and weather data, the station-based bike-sharing demand
prediction problem can be formulated as follows:

D
l
t � F D

l
t−i i � i1: id; ht−i, wt−i


i � i1: is; as

l
t−i,

at
l
t−i, ah

l
t−i, aw

l
t−i, ap

l
t−i|i � i1: ia; S

N
, S

L
), (6)

whereF(·) denotes the prediction function..e subscript of
interval i indicates the length of the sequences characterizing
bike-sharing demand d, time slot s, and atmosphere a.

3. Methodology

Inspired by previous studies [10, 14], we developed a deep
learning architecture to predict the bike-sharing demands
for the stations within 1 hour. .e proposed deep learning
architecture is illustrated in Figure 1. Six different models

were developed with the same structures, except for the base
modules; the modules comprised three identical layers with
32 units. If needed, flattened layers were introduced to
transform the outputs of the modules into one-dimensional
data. Two outputs from the modules were concatenated, and
the concatenated output was linearly transformed to fit its
dimension into the prediction values. A brief description of
the layers in the modules of the six models is provided as
follows.

(1) Artificial neural network (ANN): this module con-
sists of three fully connected hidden layers, each
comprising 32 hidden units activated by a sigmoid
function. .e ANN model employed all the features
to predict the bike-sharing demands. Past demands
at the target station were used to handle temporal
correlations. .e past bike-sharing demands include
eight historical demands intensity from one to four
hours ago, one day, one week, one month, and one
year ago. For other explanatory features, datasets
were used at the time of the analysis.

(2) Vanilla recurrent neural network (RNN): this
module comprised three stacked vanilla RNN layers,
which can handle sequential data. .e bike demand
and weather data were processed sequentially by the
RNN model. .e timestamp composition of the bike
demand and weather was identical to that in the
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ANN model. Meanwhile, the time steps of the time-
of-day and day-of-time variables were the same,
except that the time of analysis was added because
they are features extracted from the data of interest.

(3) Long short-term memory (LSTM): LSTM [15] is an
RNN architecture that employs various gates and cell
states to prevent the vanishing or exploding gradient
problem. Because LSTM is a family of RNNs, all
conditions were the same as in the RNNmodel, except
that the layers comprising the module were LSTM.

(4) Convolutional neural network (CNN): CNN [16] has
been widely used to process spatial data. To employ a
convolutional structure in the deep learning archi-
tecture, the area of interest was uniformly divided
into 200m× 200m grids. �e datasets were trans-
formed into feature maps. Because the grid already
contained the station locations, station number and
location features were not used in the CNN model.
�e length of the sequence was set to be equal to that
in the ANN model.

(5) Convolutional LSTM (Conv-LSTM): Conv-LSTM
[9] was adopted to address the spatiotemporal se-
quence prediction problem. To overcome this
problem, a convolutional structure, which is a well-
known deep learning architecture for handling
temporal correlations, was introduced into the
LSTM structure. All inputs, hidden states, and gates
in the LSTM were transformed into three-dimen-
sional tensors. �e structure of the input data was
identical to that in the CNN, and the composition of
the time step for features was the same as that in the
LSTM.

(6) Graph convolutional neural network (GCN): a GCN
was developed to capture the locality of non-Eu-
clidean data after noticing the advantage of CNN,
which captures local features e�ectively. In this
study, a graph convolution layer [17] was introduced
among various graph-based deep learning models.
Station number and location features were not used
in the GCN model because a graph contains infor-
mation about the relation between stations. �e
structure of the input data and the length of the
sequence were identical to those in the CNN model.
Unlike other models, an adjacent matrix was
employed to represent the relation between two
di�erent stations. �e adjacent matrix was identical
to a spatial weight matrix, whose diagonal element is
zero and nondiagonal element is the inverse of travel
time when riding a bike between two stations.

4. Experiments

4.1. Site and Dataset. In the experiment, various deep
learning methods were used to forecast the demand for
public bike-sharing service at docking stations in Seoul.
Since the launch of the service in September 2015, the cu-
mulative utilization of public bikes has exceeded 60 million.
�e application site is the Seodaemun district, where the
station density is intermediate among those in the 25 dis-
tricts of Seoul. �e population and area of the Seodaemun
district are approximately 307,000 and 17.63 km2, respec-
tively. �e Seodaemun district has 74 bike-sharing stations,
most of which are located along arterial roads and subway
lines. Figure 2 depicts the application site and the locations
of the bike-sharing stations.

Spatio-temporal
sharing bike

dataset

Weather

Affine
(If 

needed)
OutputFusion

Module
(�ree identical hidden layer)

Figure 1: Proposed framework for prediction of bike-sharing demands.
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Two di�erent datasets were used to forecast public bike
demand: the rental and return histories of bike-sharing and
meteorological data, which were collected from the Seoul
Open Data Plaza and National Climate Data Center, re-
spectively. �e period of the two datasets was from January
1, 2017, to December 31, 2020. Table 1 represents the detailed
description of sharing bike demand dataset. Meanwhile,
some missing values in the weather dataset were imputed
using K-nearest neighbor algorithms with the heterogeneous
Euclidean overlap metric distance [18] to handle both dis-
crete and continuous variables simultaneously.

4.2. Settings. To ensure fairness, all the experiments were
conducted under the same conditions; the hardware in-
cluded a workstation with an Intel(R) i9-10850K, 128GB
RAM, and NVIDIA GeForce RTX 3090. All models were
developed using Keras [19], TensorFlow [20], and Spectral
[21] and were trained using the Adam optimizer [22] with an
early stopping mechanism. �e loss function was the mean
squared error (MSE), and the number of training epochs,
batch size, and learning rate were set to 100, 30, and 0.001,
respectively. Filter size and strides were set to 3×3 and 1 in
the CNN and the Conv-LSTM models, respectively.

To test the prediction performance of the model, ap-
proximately 80% of the data from January 1, 2017, to March
22, 2020 (1,177 days) were used as the training set, and the
data from March 23, 2020, to December 31, 2020 (284 days)
were used as the test set. For early stopping, the training sets
were divided into 75% training sets and 25% validation sets.
A seed was set to split the dataset into training and validation
sets that were identically independent of the model.

4.3. Performance Metrics. �e mean absolute error (MAE),
root mean square error (RMSE), and mean absolute per-
centage error (MAPE) were introduced to evaluate the
suggested models:

MAE � 1
D
∑
l

∑
t

elt
∣∣∣∣∣
∣∣∣∣∣,

RMSE �
��������
1
D
∑
l

∑
t

el2t

√
,

MAPE �
1
D
∑
l

∑
t

elt
Dl
t

∣∣∣∣∣∣∣∣∣

∣∣∣∣∣∣∣∣∣
,

(7)

where

elt � D
l
t − D̂

l
t, (8)

where Dl
t and D̂l

t denote the real and estimated values of the
bike-sharing demand at station l for the tth time step, re-
spectively, eit denotes the error in region i for the tth time
interval, which can be calculated as the di�erence between
the real value Dl

t and the predicted value D̂l
t, and D rep-

resents the number of samples. As mentioned, however,
MAE cannot consider temporal and spatial correlations
because it evaluates the total error without respect to the
spatial and temporal distributions of the errors. To

Subway Line
Gyeongui∙Jungang Line
Airport Railroad Express
Line 2
Line 3
Line 5
Line 6

Bike-sharing station

Seoul City

Figure 2: Location of bike-sharing station in Seodaemun district, Seoul, Korea.

Table 1: �e description of sharing bike demand dataset.

Location Seodaemun district, Seoul,
Korea

Time span January 1,
2017–December 31, 2020

Time interval 1 hour
Number of stations 74
Total bike demand 1,685,715

Hourly bike demand
(by station)

Mean 0.650
Standard
deviation 1.422

Max 54
Min 0
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investigate the extent to which the temporal and spatial
dependencies are correctly handled, we employed global
Moran’s I [23, 24], which measures spatial autocorrelation.
.e global Moran’s I is expressed as follows:

It �
N

ijwij

ijwij e
i
t − et  e

j
t − e 

i e
i
t − et 

2 , (9)

where N denotes the number of spatial units, et represents
the mean error at time t throughout the region, and wij

represents a spatial weight matrix with a diagonal fraction of
zero, which can be calculated using the inverse of the travel
time of a bike between regions i and j, as follows:

wij �

1
tij

, (i≠ j),

0, (i � j),

⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

(10)

where tij is the travel time of the bike between regions i and
j. In the absence of spatial correlations, the expected values
E(IG) and variance Var(IG) of the global Moran’s I can be
expressed as follows:

E I
G

  �
−1

N − 1
,

Var I
G
t  �

A − B

(N − 1)(N − 2)(N − 3)W
2 − E I

G
  

2
,

(11)

where

A � N N
2

− 3N + 3 S1 − NS2 + 3W
2

 ,

B � S
t
3 N

2
− N S1 − 2NS2 + 6W

2
 ,

W � 
i


j

wij,

S1 �
1
2


i


j

wij + wji 
2
,

S2 � 
i


j

wij + 
j

wji
⎛⎝ ⎞⎠

2

,

S
t
3 �

Ni e
i
t − et 

4

i e
i
t − et 

2
 

2.

(12)

.e Z-score can be obtained via statistical hypothesis
testing under the null hypothesis, where no spatial depen-
dencies exist as follows:

Z �
I − E I

G
 

�������

Var I
G
t 

 . (13)

Statistically significant Z-scores indicate that the regions
are spatially dispersed or clustered, depending on the signs

of the statistical values. Meanwhile, the expected values
E(IL) and variance Var(IL) in the absence of spatial cor-
relations can be calculated as follows:

E I
L

  �
−j≠iwij

N − 1
,

Var I
L
t  � A − B − E I

L
  

2
,

(14)

where

A �
N − b2i

 j≠iwij

N − 1
,

B �
2b2i

− N k≠ih≠iwikwih

(N − 1)(N − 2)
,

b
t
2i

�
Ni e

i
t − et 

4

i e
i
t − et 

2
 

2.

(15)

Similar to the global Moran’s I, the Z-score at region i for
time step t indicates local clusters or outliers and can be
measured as follows:

Zi �
I

i
t − E I

L
 

�������
Var I

L
t 

 . (16)

Meanwhile, local Moran’s I [25], which is a common
metric for calculating spatial association at a specific region i,
is expressed as follows:

I
i
t �

e
i
t − et 

i e
i
t − et 

2 
j≠ i

wij

e
j
t − et 

j e
j
t − et 

2. (17)

5. Results

5.1. Model Comparisons. .e predictive performance and
spatial correlation of the six deep learning models are
presented in Table 2. .e results show that the model with
Conv-LSTM (Model 5) outperforms the other models in
terms of MAE, while the model with RNN (Model 2)
outperforms the other models in terms of RMSE and
MAPE. However, MAPE has a critical weakness in which
MAPE should be estimated except for most datasets and
overestimated when actual values are small because MAPE
is calculated relative error using the sharing bike dataset
with no bike demand intensity. MAE and RMSE are
comparable with the exception that RMSE is more sen-
sitive to outliers. .erefore, we focus on MAE and RMSE
rather than MAPE. Meanwhile, the global Moran’s I of the
models employing RNN, CNN, and Conv-LSTM is posi-
tive and statistically significant. .ese results indicate that
the mean errors of the demand forecast by these models are
not randomly distributed over the study area. In other
words, the errors are likely agglomerated throughout the
regions.
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5.2. Spatiotemporal Dependencies. To explore spatiotem-
poral dependencies, the average MAE, RMSE, and global
Moran’s I of the mean errors were evaluated by varying the
time-of-day and day of week. Figure 3 shows the average
MAE, RMSE, and global Moran’s I for the time of day. .e
number of observations in each cell was 284, which is the
time span of the test sets.

First, the patterns of MAE and RMSE are comparable,
while they are different from those of global Moran’s I. .is
suggests that predictive performance is not necessarily
correlated with the spatial and temporal distributions of
errors. For example, theMAE between 9 a.m. and 12 p.m. for
the CNN model is 0.019, while the global Moran’s I under
the same conditions varies from 0.002 to 0.015. .is indi-
cates that MAE and global Moran’s I may not be correlated.
With respect to MAE and RMSE, the temporal tendency of
models is similar in which themean error is relatively high in
peak hours. Meanwhile, the Conv-LSTMmodel, which is the
best performing model in terms of overall MAE and RMSE,
does not always outperform the other models, regardless of
the time-of-day..e results suggest that temporal evaluation
is essential because the best-performing model in terms of
overall predictive performance cannot ensure the best
performance at all time intervals. In terms of global Moran’s
I, the positive spatial correlations are notable in the CNN
and Conv-LSTM models, including in the convolutional
structure. .e results suggest that the errors are clustered
over certain regions in the CNN and Conv-LSTMmodels for
some time intervals. Although the Conv-LSTM model
outperforms all other models from 7 p.m. to 11 p.m. in terms
of MAE, the RNN or LSTM model can be an alternative for
demand forecasting during periods for which the positive
spatial correlations of the errors are strong in the Conv-
LSTM model. .e results also indicate that temporal cor-
relations should be investigated in the CNN and Conv-
LSTM models, given that the time period of significant
spatial dependencies for errors is fairly continuous, par-
ticularly during the early part of the night.

Figure 4 shows the average MAE, RMSE, and global
Moran’s I for the day-of-week. .e number of observations
to obtain the values for the day-of-week is 984 or 960 (i.e.,
every hour during 41 or 40 days), depending on the number
of days of the week. .e MAE and RMSE are almost stable
regardless of the day of the week, although differences exist
between the models. Meanwhile, distinct patterns cannot be
found in the global Moran’s I of the errors. In accordance

with the analysis of the time-of-day, the Conv-LSTM model
does not always outperform the other models in terms of
MAE and RMSE, regardless of the day of the week. For the
CNN model, the MAE on weekends was better than that on
weekdays, while positive spatial correlations between the
errors weremore evident on weekends..is suggests that the
errors of the CNN model are more agglomerated on
weekends, although the difference in MAE between week-
days and weekends was not significant. In other words, the
CNN model achieves a slightly better MAE on weekends
than on weekdays, instead of reinforcing positive spatial
correlations. Given that spatially clustered errors represent
prediction failure for agglomerated regions, the CNN model
is unsuitable for forecasting demand on weekends. Mean-
while, no significant difference between weekdays and
weekends was observed in the other models.

Figure 5 presents autocorrelation and partial autocor-
relation plots of global Moran’s I. Autocorrelation and
partial autocorrelation can provide information about the
degree of correlations between variable and delay itself. In
case of the ANN model, autocorrelation is stable regardless
of time lag, while autocorrelation decreases when time lag
increases in other models. Meanwhile, partial autocorrela-
tions tend to decrease as time lag increases in all models.
Similar to autocorrelations, partial correlations in the ANN
model are relatively higher than other models. .e results
imply that deep learning structure considering spatial and
temporal correlations can alleviate spatio-temporal corre-
lations compared to the ANN model.

.e aforementioned results can be summarized as fol-
lows. First, it is hard to achieve minimizing errors and
handling spatiotemporal correlation simultaneously, con-
sidering the pattern of performance metrics and global
Moran’s I are not similar. It may be because the deep
learning layer aims at different goals. For example, RNN was
developed to control sequential information while the
convolution layer has a strength in handling spatial relations.
Although the performance of themodel is most important, it
is possible that other objectives should be considered in the
application, such as operating transport services.

Second, the convolution layer, which is well-known for
processing spatial grid data, is not suitable for handling
spatial correlations in this experiment. It seems that travelers
cannot pass through the middle of the site by bike because it
is mountainous. In other words, the travel distance is much
farther than the Euclidean distance between two stations due

Table 2: Performance comparison of the models.

Model Hidden layer MAE RMSE MAPEa)
Global Moran’s I of errors (%)

Values z-statistics p value
Model 1 ANN 0.027483 0.038449 77.84 0.0042 0.9671 0.3335
Model 2 RNN 0.016859 0.026148 49.64 0.0314∗∗ 2.5700 0.0102
Model 3 LSTM 0.016213 0.026155 56.34 0.0091 1.3428 0.1793
Model 4 CNN 0.019871 0.029821 65.22 0.0642∗∗∗ 4.1771 0.0000
Model 5 Conv-LSTM 0.016008 0.029356 64.28 0.0645∗∗∗ 4.5588 0.0000
Model 6 GCN 0.017668 0.030879 65.70 −0.0023 0.6177 0.5368
Note: ∗∗∗, ∗∗, and ∗ indicate significance at 1%, 5%, and 10% levels, respectively; a), MAPE is calculated using datasets with at least one bike demand intensity.
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Figure 3: Performance metrics and global Moran’s I of errors for time-of-day.

Mean Absolute Error Root Mean Square Error Global Moran'I of Errors

ANN

M
od

el

RNN

LSTM

CNN

GCN

Conv-LSTM

ANN

M
od

el

RNN

LSTM

CNN

GCN

Conv-LSTM

ANN

RNN

LSTM

CNN

GCN

Conv-LSTM

M
od

el

0.028 0.037 -0.005

-0.006

-0.002

-0.012 -0.008 -0.008 -0.009 -0.008 -0.008 -0.009

-0.002

0.004

-0.001

-0.003 -0.004 -0.004

-0.000

0.006

0.003 0.001

0.006 0.006 0.007 0.012 0.014

0.004 0.003 0.004 0.006 0.0020.004

-0.001 -0.002 -0.002

-0.005

-0.002

-0.003

-0.006

-0.000

-0.003

-0.004

-0.002

0.036 0.035 0.036 0.036 0.037 0.037

0.023 0.024 0.023 0.024 0.023

0.023 0.023 0.023 0.023 0.022

0.028 0.028 0.028 0.028 0.027

0.023 0.023

0.023 0.023

0.027 0.028

0.025 0.025 0.025 0.026 0.025 0.028 0.025

0.027 0.0250.026 0.027 0.026 0.027 0.026

0.017

0.016

0.020

0.016

0.018

0.016 0.018 0.020 0.022 0.024 0.026 0.028 0.024 0.026 0.028 0.030 0.032 0.034 0.036 -0.010 -0.005 0.000 0.005 0.010

Mon Tue Wed �u Fri Sat Sun

0.017

0.016

0.020 0.020

0.016

0.017 0.018

Day-of-Week

Mon Tue Wed �u Fri Sat Sun

Day-of-Week

Mon Tue Wed �u Fri Sat Sun

Day-of-Week

0.018 0.018 0.017

0.016 0.016 0.017 0.015

0.020 0.020 0.019 0.019

0.016

0.018

0.017

0.017

0.017

0.017 0.016 0.016 0.015

0.017 0.017 0.016

0.027 0.027 0.027 0.028 0.028 0.028

Figure 4: Performance metrics and global Moran’s I of error for day-of-week.
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to geographical obstacles. Since spatial adjacency may be
biased due to the di�erence between Euclidean and travel
distance, striding common convolutional §lters cannot
capture local patterns around mountainous areas. On the
contrary, there is no spatial correlation in the GCN model,
which also has a convolutional structure. It seems that an
adjacent matrix given as prior information can contribute to
handling spatial correlation e�ectively.

Figure 6 shows the results of the cluster and outlier
analyses for each station. Voronoi diagrams—which rep-
resent partitioning of a plane divided into a set of points

close to a speci§c point—were generated to separate the
spatial zone based on the locations of the bike stations.
�e local Moran’s I was calculated using the mean error of
the bike-sharing demand. Cluster and outlier analyses
were conducted using bike-sharing demand data and
spatial lag, which represent the product sum of spatial
weight and bike-sharing demand.�e results of the cluster
and outlier analyses indicate two states: one is in which the
values of bike-sharing demand and spatial lag at a speci§c
station are higher than the mean value and the other is in
which the aforementioned values are lower than the mean
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Figure 5: Autocorrelation and partial autocorrelation plot of global Moran’s I.
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value. �e signi§cance represents the con§dence level of
the local Moran’s I, which indicates whether the error for
the region is spatially clustered or dispersed. �e cluster
and outlier analysis provides more detailed information
compared to global Moran’s I in that detecting where
demand forecasting is spatially correlated.

Regardless of the model and the time of interest, a cold
spot, de§ned as an error in bike-sharing demand that is

lower than the mean error at a speci§c station of interest and
its surroundings, can be found in the upper left corner. By
contrast, a hot spot indicates that the error is higher than the
mean error at the target stations and their surroundings, and
signi§cant hotspots are observed at the bottom center sta-
tions in the CNN and Conv-LSTM models. �ese results
suggest that the spatial correlations in the CNN and Conv-
LSTM models are more prominent than those in the other
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Figure 6: Results of cluster and outlier analyses for stations.
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models; this is consistent with the variation in global
Moran’s I over time-of-day and day-of-week.�e area where
the hotspot appears in the CNN and Conv-LSTM models is
the boundary of the area where bikes cannot pass through.
Since the area around the hotspot has no bike-sharing de-
mand, it may be hard to activate a convolutional §lter in this
area. As a result, the bike demand at bottom stations is
underestimated. Meanwhile, the di�erence between the
results of cluster and outlier analyses for weekends and
weekdays is minimal in all models. �is suggests that the
prediction of bike-sharing demand for weekdays and
weekends is similar.

5.3. Model Selection. In this experiment, two di�erent ob-
jectives were considered: minimization sum of errors and
even distribution of errors. Most of all, the accuracy of
demand forecasting is critical. However, given that the
demand forecasting model could be used in transportation
planning, the spatial distribution of errors should also be
considered in the application view. For example, if tra©c
demand is inaccurately predicted in a certain area, it is
di©cult to develop e�ective transportation policies or im-
prove operation service since the premise is incorrect. When
there is no signi§cant di�erence in performance between the
optimal model and other models, the distribution of errors
could be crucial in deciding which model to use. In other
words, the selection of the model is determined by which
goal is more focused on.

�e Conv-LSTM model is optimal in terms of accuracy,
which is the most essential factor in model adoption. On the
contrary, the Conv-LSTM model has a weakness in which it

contains spatial correlations. �erefore, the LSTM model
could be an alternative because its performance is not sig-
ni§cantly di�erent from the Conv-LSTM model and there
are no spatial correlations in the LSTM model.

In the same vein, establishing a loss function that in-
tegrates two di�erent goals could be another solution for the
multiobjective problem. To investigate the e�ect of the in-
tegrated loss function, the deep learning model with a loss
function that weighted sum of mean square error and global
Moran’s I was trained. We choose the Conv-LSTM model
because global Moran’s I is signi§cant in the Conv-LSTM
model although it is the best model in terms of performance
metrics. Figure 7 describes performance metrics and global
Moran’s I of the Conv-LSTM model varying over weighted
value.

When the weighted value of global Moran’s I between
0.01 to 1e-10, there is no signi§cant di�erence in perfor-
mance metrics compared to the model using the MSE loss
function. Meanwhile, global Moran’s I of the Conv-LSTM
model with weighted loss function tends to be slightly lower
than the Conv-LSTM model with MSE loss function. Al-
though the integrated loss function cannot improve per-
formance metrics signi§cantly and exclude spatial
correlations of error completely, it is signi§cant that it can
contribute to alleviating spatial correlations.

Furthermore, although the Conv-LSTM model is the
best in terms of aggregated performance, it is not always
optimal over time. In particular, the performance of the
Conv-LSTM model is relatively low in the morning peak
hour. It may be because shared parameters over time and
region are biased in speci§c situations. Employing various
demand forecasting models over time could be a solution to
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this problem. Similarly, ensemble learning could provide
better results because the flexibility of the model is
improved.

6. Discussion and Conclusion

.e present study explored the spatiotemporal dependencies
of travel demands using a deep learning approach. To
measure the spatial correlation, the global and local Moran’s
I of the errors between the predicted and real values were
adopted. While the results showed that the Conv-LSTM
model outperforms other models, spatial dependencies of
the errors were found in the Conv-LSTM model. .is in-
dicates that the best predictive performance does not nec-
essarily correspond to the prediction performance being
evenly distributed throughout the regions. In other words,
poor performance may be found in spatially clustered re-
gions; nonetheless, the overall predictive performance is
high. In addition, the result of cluster and outlier analysis
reveals that the bike demand forecasting errors at bottom
center stations are spatially agglomerated.

.e contribution of this study lies in employing the
global and local Moran’s I of errors for investigating spa-
tiotemporal correlations, which can be verified through
statistical tests. Most previous studies [1, 14] have not
evaluated spatiotemporal correlations, although travel de-
mand data have both spatial and temporal correlations.
Considering that errors in demand forecasting leads to an
imbalance between supply and demand in mobility service
operations, the distribution of errors should be investigated
though the aggregated performances provide condensed
power of explanation. .e global Moran’s I of errors can
indicate whether the degree of overfitting or underfitting is
clustered or dispersed, by measuring the spatial correlations
of errors throughout regions. Meanwhile, local Moran’s I
can detect agglomerated regions with poor demand
forecasting.

.e global and local Moran’s I suggested in this study
can be applied throughout the analysis and feedback process.
First, they can be used to evaluate the model after experi-
ments in the spatiotemporal view. GlobalMoran’s I show the
degree of overall error distribution and the results cluster
and outlier analysis show where demand is overestimated or
underestimated. .ese results could contribute to elabo-
rating models. For example, when the spatial correlation of
predictive performance is identified in the model, it can be
elaborated by changing the structure of the model or using
additional features indicating clustered or dispersed states of
errors from a different perspective. In the same vein, global
Moran’s I can be considered as loss function. For example,
the weighted sum of predictive performance and global
Moran’s I is a plausible loss function that considers both
performance and spatial correlations. Meanwhile, providing
prior information such as an adjacent matrix may be a
solution for controlling spatial correlation considering the
global and local Moran’s I of the GCN model were low
compared to other models.

Although this study provides insight into the analysis of
spatiotemporal dependencies, several factors should be

considered. First, although global Moran’s I and autocor-
relation were introduced to investigate spatiotemporal
correlations in this study, the simultaneous measurement of
spatiotemporal correlations was not verified in this study.
Second, a novel model to handle spatiotemporal correlations
is not provided, although this study suggests a statistically
testable index to evaluate spatiotemporal performance.
Further studies should consider the aforementioned issues
to handle spatiotemporal dependencies for better perfor-
mance and homogenous demand forecasting in the spatial
and temporal domains.
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